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Cryptocurrency Price Prediction Using Temporal Decay
Attention LSTM: A Novel Approach for Time-Series
Forecasting

Krishnaseshu Kavadi
X23329050

1. Introduction

This configuration manual provides a detailed technical roadmap for setting up the
environment, dependencies, and implementation procedures required for this research project.

2. System Hardware Requirements

To successfully implement and run the Temporal Decay Attention LSTM model for
cryptocurrency price forecasting, the following minimum system specifications are
recommended:

Operating System:

Preferred: Windows 10 or 11 — fully compatible with the required Python
libraries and deep learning frameworks.

Alternative: Ubuntu 20.04+ — suitable for users familiar with Linux-based
environments.

Processor (CPU):

Intel Core i5/ AMD Ryzen 5 or higher.

A quad-core processor or better is recommended to ensure efficient data
processing and model training.

Memory (RAM):
Minimum: 16 GB
Recommended: 32 GB — especially useful when working with large historical

price datasets and during parallel computation tasks.

Graphics Processing Unit (GPU):

An NVIDIA GPU with CUDA support is strongly advised for accelerating
model training using deep learning frameworks like TensorFlow or PyTorch.



e Storage:

At least 15-20 GB of free disk space to accommodate raw datasets,
environment dependencies, trained model checkpoints, and result files.

3. Software Requirements:

To build and execute the Temporal Decay Attention LSTM model for cryptocurrency price
prediction, a suitable software environment is essential

Model development relies on deep learning libraries, primarily:

e PyTorch (torch) — used for building and training the LSTM-based architecture.

e Torch Geometric (torch geometric) — optionally included for future extensions to
graph-based models.

e Torchvision — used occasionally for model component utilities, though not central to
this study.

e NetworkX — helpful in exploring potential graph-based relationships if integrated
later.

To streamline the training pipeline, utilities such as pataloader and TensorDataset are
used for batching and data feeding. Input features are normalized using standardscaler,
and model optimization is carried out using crossEntropyLoss, Adam, OF AdamwW from
PyTorch’s optimization modules.

Development can be done in:

e Jupyter Notebook — ideal for interactive, cell-based experimentation.
e Visual Studio Code (VS Code) — a lightweight, highly customizable code editor.
e PyCharm - a full-featured IDE suitable for managing more complex workflows.

For managing the environment, it is recommended to use conda to create isolated,

reproducible setups, which is especially beneficial when dealing with deep learning
dependencies and GPU drivers.

4. Dataset Details

The dataset employed in this research comprises hourly cryptocurrency market data, serving
as the foundation for training and evaluating the Temporal Decay Attention LSTM model.
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Figure 1. Bitcoin Close Price Over Time

Preprocessing Steps:

[1 Loaded & cleaned hourly Bitcoin data (2021-2024); set datetime index.
1 Dropped irrelevant columns; confirmed key trading fields are complete.
(1 Visualized sentiment vs. price to explore market behavior.

1 Engineered features (lags, rolling stats, sentiment smoothing).

1 Normalized data and created 240-hour sequences for LSTM forecasting.

5. Model Configuration

a) AdaBoost Regressor

from sklearn.ensemble import AdaBoostRegressor
ab_model = Ad stReg r{random_state=42, n_estimators=188)
ab_model .fit(¥_train_2d, y_train)

ab_preds = ab_model.predict(X_test_2d)

evaluate_model("AdaBoost Regressor”, y_test, ab_preds)

b) Decision Tree Regressor



from sklearn.tree in ~t DecisionTreeRegressor
from sklearn.ensemble i rt RandomForestRegressor

import numpy as np
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e) Temporal Decay Attention LSTM




ort tensorflow as tf
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flow.keras.models rt Model
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6. Evalatin and Results

6.1 Evaluation Metrics:
To evaluate model performance effectively, the following regression metrics were used:
R2 Score, MAE,MSE,RMSE,MAPE

6.2 Final Results:

Temporal Decay Attention LSTM Evaluation:
MAE: ©.828244
MSE: B.288708

1 B.B26456

: 3.45%
B.9782
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